8 9 1. We propose minhash (as implemented by MASH) and NMF as alternative methods to estimate similarity 10 between metagenetic samples. We further describe these results with cluster analysis and correlations 11 with independent ecological metadata. 12 2. Species and kmer abundance information is used to determine similarities and create clusters to better 13 understand how communities interact, as well as relate to known environmental variables, such as Ph and 14 Soil Conductivity. 15 3. We use cluster silhouettes to assess various approaches for clustering metagenetic samples as well as 16 anova to uncover links between metagenetic samples and the known environmental variables. 17 4. By analyzing data from the Atacama desert and determining the relationship between ecological factors 18 and group membership, we show the applicability of these methods. 19
Introduction metadata such as physical barriers and environmental measurements to refine the structure of estimated local 45 communities based on the species observed (Holyoak et al. 2005) . 46
Here, we consider novel, data-driven (unsupervised) approaches for defining communities based on clusters, 47
Here, NMF (Berman & Plemmons, 1994) and Mash (Ondov et al. 2016 ) are integral to defining local 68 community structure. NMF-or Non-Negative Matrix Factorization-is method by which to split a matrix into a 69 components, based on the factors that are most important in making that split. For example, for RNA-seq 70 expression analysis, suppose there are 'k' known clusters. NMF will break a provided expression matrix (genes 71 by cells or cell tissues) into k total clusters while also producing the most important genes for doing so (Yu-Jui, 72 2016). When applied to observed OTU abundances, NMF will ideally return the most important OTUs to generate 73 a fixed number of community-driven clusters. The power in this method is that different factors may be indicators 74 for each cluster, instead of just the presence or absence of a particular expressed gene or observed species. NMF 75 becomes particularly powerful when paired with k-means (Hartigan & Wong, 1979); (Forgey, 1965) , which is a 76 clustering method that can be used to measure how many clusters exist (aka, the 'fit'). Because NMF combines 77 factor discovery with iterative determination of the total number of clusters, NMF can be a more descriptive 78 alternative to simple PCA-based visualization of the data. 79
Mash, which is based on MinHash sketching (Broder, 1997), is an alignment-free method by which to 80 estimate the distance between two sequences or sets of sequences. Using this computational method a set of 81 samples can be sequenced and then quickly compared to estimate how similar they are. The resulting pairwise 82 similarity matrix can then be clustered hierarchically, which can be visualized in the form of dendrograms and/or 83 heatmaps. Mash can be run on raw samples if desired at the cost of potentially higher inferred distances. Example Using silhouettes (Rousseeuw, 1987) ; (Handl et al. 2005 ) and the clustering information derived from NMF 87 we can further describe structure within a cluster. Specifically, silhouette width highlights the 'belongingness' of 88 each data point within a cluster; higher averages indicate cluster points are more tightly correlated with each 89 other.
Finally we hypothesize that the local assortment of species is largely determined by the environment in which 91 they live. If so, a change in environment and a corresponding change in observed species should, for the most 92 part, correlate and this correspondence can be tested using both Anova and a mantel test under the right conditions 93 (DeLong, 2013). We also realize that environment itself can correlate with distance, i.e., in the northern 94 hemisphere, northern samples have fewer growing degree days than southern samples. For this reason isolation by 95 distance (IBD) could also manifest as distinct clusters using our computational alternatives just as they would in a 96 traditional PCA analysis. 97 
Results from Atacama Data

location (top) and cardinal direction (bottom). Dendrograms were generated with Diana and are colored by 109 sampling location (top, 6 total). 110
Figure 2. Heatmap of Various Environmental Variables, red indicating low and blue indicating high values. 113
The left hand side is determined by Diana clustering on sample to sample similarities, as in Figure 1 . 114
Although prior work had shown that alpha diversity relationships among Atacama desert samples were driven 115 by geographic location (Crits-Christoph et al. 2013), our preliminary analysis suggested sample to sample 116 similarities based on mash and NMF were better explained by pH, Relative Air Humidity, and Conductivity as 117 well as the previously reported location variable. Note that this "cluster first" computationally focused approach is 118 a departure from previous techniques that draw local communities using external metadata to overcome species 119 dispersion, although the species' relationships are often defined by interrelated sequence clusters (OTUs). 120 To be consistent with current practice, we first applied Principal Component Analysis (PCA) using the 124 samples' environmental variables (Air Humidity, Depth, Elevation, Soil Conductivity, and PH) to assess whether 125 there is a ecological basis for observed clusters (Figure 2 ). We also used Average Silhouette Width (Rousseeuw, 126 1987) , which provides a measure of how dense clusters are, with denser clusters being prefered. Average 127
Silhouette can be used to determine the number of clusters by picking the higher average, in the case of 128 comparing two candidate clusterings. 129 
181
The clusterings were modeled by ANOVA, and after calculating a log likelihood test, we found that for both 182 K=3 and K=4 Mcquttity hierarchical clustering, followed by NMF on OTUs, were the most significant and 183 therefore best corresponded to the environmental data. For McQuitty hierarchal clustering, PH and Elevation were 184 found to have the most significance, however, since the elevation was the same for all of the samples of any given 185 sampling site, since elevation is highly correlated with sampling location there maybe some other variable that is 186 being indirectly measured, also highly correlated with sampling location. For NMF on log abundance PH , 187
Conductivity, and Relative humidity of the air were found to be most significant; however, because relative 188 humidity of each sampling site was the same, it is unknown whether relative humidity of the air was the 189 contributing factor or some other, unknown variable, that also differed from site to site was a factor. As a general workflow (figure 9), after sample collection either OTUs abundances are generated, or sample to 209 sample distances are calculated by comparing their contained trimmed sequences. In the case of the sample to 210 sample distances a distance matrix is generated that can be clustered though hierarchical or other means, and in 211 the case of OTU abundances NMF or K-means is better suited. We calculated pairwise distance on both sharedsequences and on OTUs, and then clustered OTUs and shared sequences via K-means, and for shared sequences 213 diana clustering was also utilized, and for NMF was also utilized for OTU abundance. The groupings can then be 214 checked for the influence of independent variables, through a statistical model, in this case anova, which was run 215 on clusters, the 'anova' function from the R 'stats' package was used, and LogLik from the R 'stats' package was 216 used to compare Log-Liklihoods. Clusters were compared to each other using both RAND and Jaccard similarity 217 cluster evaluation methods, as well as a wilcox test (Hollander et al. 2013); (Bauer, 1972) . 218
The Atacama data used here is from SRA:SRA091062, Bioproject ID: PRJNA208226, which was thought of 219 as three clusters of data, aligning with sampling site: North, Central, and South. Atacama was chosen for its 220 previous environmental analysis, geographically distinct sampling sites, and curated metadata. Thorpe, J., Freeman, J., Andrews-Pfannkoch, C., Venter, J.E., Li, K., Kravitz, S., Heidelberg, J.F., 260
